A modified multiobjective self-adaptive differential evolution algorithm (MMOSADE) is presented in this paper to improve the accuracy of multiobjective optimization design in the nuclear power system. The performance of the MMOSADE is tested by the ZDT test function set and compared with classical evolutionary algorithms. The results indicate that MMOSADE has a better performance in convergence and diversity. Based on the MMOSADE, a multiobjective optimization design platform for the nuclear power system is proposed, and the application of which is carried out. The evaluation program of the PRHR-HX in AP1000 is developed, and its reliability is verified. The optimal design schemes of PHHR-HX are obtained by utilizing the multiobjective optimization design platform. The results show that the optimal design schemes can envelop the prototype design scheme. This conclusion proves that the optimization design platform proposed in this paper is effective and feasible.
Introduction
Taking the nuclear safety system as an example, the current design method of nuclear power system mainly adopts the linear iteration mode of trial-evaluation-correction. This method not only consumes a lot of workforce, computational resources, and time, but also has difficulty in obtaining an overall optimal design scheme on safety and economy. In recent years, with the development of the computer technology and optimization algorithm, researchers have carried out the application research of multiobjective optimization in the field of nuclear power system design. At present, the multiobjective optimization design of nuclear power plants is mainly based on predefining weighting factors for different optimal targets to translate the multiobjective optimization problems (MOP) into single-objective optimization problems [1] [2] [3] . This method relies heavily on the engineer's design experience because of the need to assign weights to different targets. However, there are certain mutual constraints and conflicts among the optimization targets for the optimization design of nuclear power system. The weighting method is complicated to solve this kind of problems effectively. In response to the above issues, Chen et al. [4] [5] [6] carried out a series of studies on MOP of nuclear power systems based on the nondominated sorting genetic algorithm-II (NSGA-II). This algorithm applies the concept of "Pareto optimal solution" [7] , which can directly deals with MOP and obtain all relatively optimal solutions that satisfy the design requirements.
The main purpose of the multiobjective optimization design for nuclear power system is replacing a large amount of repetitive work performed by engineers in the design process, obtaining qualified reference schemes, and providing more scientific and integrated data support for the final technical decision-making. Therefore, for the multiobjective optimization design of nuclear power system, a superior multiobjective optimization algorithm should have the advantage that the calculated solution can cover the real solutions of the MOP as much as possible. That is, it has a higher requirement on the convergence and diversity of the algorithm. The differential evolution algorithm (DE) is a random heuristic search algorithm proposed by Storn and Price [8] . It is simple and easy to utilize. Moreover, DE has strong robustness and global optimization ability [9] . According to what has been discussed above, DE is more suitable for nuclear power system which has the characteristics of numerous parameters, strong coupling, and nonlinear response.
To further improve the convergence and diversity of multiobjective optimal design results of nuclear power system, a modified multiobjective differential evolution algorithm (MMOSADE) is developed. Based on MMOSADE, a nuclear power system multiobjective optimization design platform is developed. The feasibility and reliability of the platform are verified by the AP1000 nuclear power plant passive residual heat removal heat exchanger (PRHR-HX).
The organization of this paper is as follows. This section presents the background and motivation of the research. In the second section, the multiobjective optimization problem and Pareto optimal solution are introduced briefly, and MMOSADE is described in detail. The multiobjective optimization platform for nuclear power system is presented and applied in the third section. In the last section, the research conclusions are summarized and the prospects are put forward.
Modified Multiobjective Differential Evolution Algorithm
In this section, the concept of multiobjective optimization problem and Pareto optimal solution are explained. Based on standard DE, the MMOSADE is developed by introducing strategies of other evolutionary algorithms and improved method of the NSGA-II crowding-distance calculation.
. . MOP and Pareto Optimal Solution. In the field of nuclear power system optimal design, MOPs often need to be processed by the concept of Pareto optimal solution. Take the safety system as an example, it requires higher safety and better economy. However, improving the safety of nuclear power plants usually means more economic cost. The main purpose of the multiobjective optimization algorithm based on Pareto optimal solution is to solve the MOPs with conflicting and restrictive effects among different targets.
Taking minimization problem as an example, a MOP can be expressed by (1) .
where ( ) is a set of objective functions; 1 ( ), 2 ( ), . . . , ( ) are subobjective functions; X is a k-dimension optimization variable; R is a feasible region; ( ) and ℎ ( ) are inequality constraints and equality constraints, respectively.
Assuming that vector X and vector U are feasible solutions for the MOP. If the condition shown by (2) is satisfied, it can be considered that U dominates X. ∀ ∈ {1, 2, . . . , } ,
If * is a Pareto optimal solution, there is no feasible solution X that can dominate * , which can be expressed by (2) . The set of all Pareto optimal solutions is called Pareto optimal solution set. The curve or surface formed by the target vectors corresponding to all Pareto optimal solutions is called Pareto front. ∃ ∈ ,
. . e Development of MMOSADE . . . Algorithm Improvement Strategy. Control parameters adaptive strategy is an important way to improve the performance of the differential evolution algorithm. MMOSADE adopts the control parameter index change strategy which is shown by (4)-(6) [10] . This control parameter adaptive strategy can ensure that the values of the mutation operator F and the cross operator CR are larger in the initial stage of calculation. The population can better cover the entire design space, by which the diversity of the population is improved and the global search is facilitated. With the advancement of the search process, the number of outstanding individuals in the population gradually increased. Appropriate reduction of mutation operator and crossover operator is helpful to reserve outstanding individuals, which is conducive to improving the probability of searching for the global optimal solutions.
MMOSADE utilizes external archive method [11, 12] to achieve retention of outstanding individuals. When the MMOSADE starts, the external archive is empty. With the advancement of the evolutionary process, outstanding individuals enter the external archive. In terms of the diversity of external archives, MMOSADE introduces the crowdingdistance calculation method of NSGA-II [13] , and the calculation formula is shown by (7) . However, this method also has certain defects. As is shown in Figure 1 , the individuals A and B have the same crowding-distance by the crowding-distance calculation method. However, individual B is more crowded than A in fact.
Science and Technology of Nuclear Installations To further quantify individual density information, the concept of spatial density (SD) is proposed for the situation where two individuals have the same crowding-distance. The calculation method of the spatial density is shown by (8) . It can be calculated that the spatial densities of individuals A and B are 10d 2 and 11d 2 , respectively. The spatial density of B is larger than that of A. According to the principle of external archive diversity [13] , the individual B is more crowded. Therefore, the individual A with lower density should be preferentially reserved.
In terms of constraints processing, MMOSADE adopts the method of constrained dominance [14] . The main idea of this method is to deal with the objective function and the degree of violation of the constraint separately. The problem that the penalty factor is difficult to set in the penalty function method can be avoided by this method. For solution X and solution U, if any of the following conditions is met, then it can be considered that solution U constrain dominant solution X.
(1) Solution U is a feasible solution, and solution X is an infeasible solution.
(2) Both solution X and solution U are feasible solutions, and solution U dominates solution X.
(3) Both solution X and solution U are infeasible solutions, and the degree of U violation of the constraint is less than the solution X.
. . . Algorithm Flow. The MMOSADE algorithm flow is shown in Figure 2 .
. . MMOSADE Performance Test. The multiobjective optimization algorithm has two objectives [13] : (1) the obtained Pareto optimal solution set approximates the real Pareto optimal solution set and (2) maintains the diversity of the obtained solution set. Therefore, the performance of the multiobjective optimization algorithm is evaluated from two aspects: the convergence metric and the diversity metric [13] .
(1) Convergence Metric. The convergence of the algorithm is evaluated by calculating the Generation Distance (GD). That is the degree of closeness between the calculated Pareto front and the true Pareto front. The calculation formula is as shown in (9) .
where n is the number of individuals in the obtained Pareto solution set. is the minimum Euclidean distance of the i-th individual in the obtained Pareto solution set to the individual in the real Pareto solution set. The smaller GD, the better convergence of the algorithm.
( ) Diversity Metric. The diversity metric is evaluated by calculating the Spread (Δ), and the calculation formula is as shown by (10).
where is the Euclidean distance between two adjacent individuals in the obtained Pareto solution set. d is the mean of all . and are the Euclidean distance between the extreme solutions and boundary solutions of obtained Pareto optimal solution set. The smaller the Δ, the better the distribution and diversity of the obtained Pareto optimal solution set.
In this paper, the performance of the algorithm is tested by the most widely used ZDT test function set [15] . The test results are compared with the three classical evolutionary algorithms of NSGA-II, SPEA2, and MOPSO. The population size of each algorithm is 100 and the maximum evolution algebra is 250. Tables 1 and 2 , respectively, give the comparison results of the convergence index and diversity index of each algorithm running 30 times independently [14] .
As is shown in Table 1 , MMOSADE has a smaller GD than other algorithms when solving different classes of problems. This result indicates that the Pareto front obtained by the MMOSADE is more approximate the real Pareto front than other algorithms. It can be considered that MMOSADE has a better convergence metric than NSGA-II, SPEA 2, and MOPSO. In other words, MMOSADE can get the same precision Pareto front in a shorter time. Table 2 shows that MMOSADE has a better performance on solving the ZDT1 and ZDT6. Compared with NSGA-II, MMOSADE has a smaller Δ. These results verify that the proposed spatial density calculating method is effective and the diversity metric of MMOSADE is promoted notably. In summary, MMOSADE can be considered to have excellent solution performance. Therefore, MMOSADE can be utilized in the nuclear power system multiobjective optimization.
Nuclear Power System Multiobjective Optimization Design Platform
In this section, based on the MMOSADE algorithm, a multiobjective design platform for nuclear power system is developed and applied. . . e Development of Nuclear Power System Multiobjective Optimization Design Platform. The optimization design platform for nuclear power system mainly includes three modules: (1) optimization object evaluation program module;
(2) optimization algorithm module; (3) input module. The diagram of optimization design platform is shown in Figure 3 .
The input module includes design space and constraints which are the basis of optimization calculation of the algorithm. According to the design space, MMOSADE produces the design schemes as the input parameters for the evaluation program. Then the parameters of evaluation indicators and constraints are calculated by the evaluation program. Combined with constraints, MMOSADE generates new design schemes based on the evaluation indicators. Finally, the optimal design schemes are obtained by several iterations.
. . e Application of Nuclear Power System Multiobjective
Optimization Design Platform. The optimization design platform is utilized to optimize the PRHR-HX. In order to verify the reliability of the optimization design platform, the volume and the pressure loss of PRHR-HX are selected as the optimal targets. There is a certain mutual restriction between the above two indicators. What is more, the volume and the pressure loss are closely related to the economic and safety of nuclear power plants. The optimization variables are as follows: (1) the length of C-tube horizontal section ℎ , (2) the length of C-tube vertical section V , and (3) C-tube outer diameter .
. . . PRHR-HX Calculation Model. The calculation model of PRHR-HX refers to the research of Ge et al. [16] . The structural diagram of the PRHR-HX is shown in Figure 4 . The main structure includes a hemispherical inlet and outlet water chamber, a C-type heat transfer tube bundle, and a corresponding support structure [17] . The optimization is for the preliminary design of PRHR-HX in this paper, which is the steady-state design. Therefore, the following assumptions can be made [18] :
(1) All C-type heat transfer tubes of PRHR-HX have the same heat transfer performance. (2) Ignore the thermal resistance of the dirt. The total heat transfer resistance of PRHR-HX can be expressed by (11) .
According to the design requirements of the PRHR-HX, the of the fluid in the C-tube is larger than 6000 [19] . Therefore the flow in the C-tube is sufficient turbulent flow. The convection heat transfer equation in the tube can be calculated by the Dittus-Boelter formula (see (12) ) [20] . The thermal resistance of C-tube tube wall can be calculated by the following formula (see (13) ).
If the C-tube outer wall surface temperature is lower than the shell side saturation temperature , heat transfer mode is natural convection heat transfer in large space. The McAdams relations [21] are utilized.
The formula for calculating natural convection outside vertical tube is shown by (14) 
If the C-tube outer wall surface temperature is larger than the shell side saturation temperature and the shell side fluid temperature is lower than , the heat transfer mode outside the tube is nucleate boiling. Heat transfer coefficient is calculated by the Rohsenow relation [22] which is shown by (16) .
ℎ can be calculated according to (17) .
( ) Hydraulic Calculation. The main purpose of hydraulic calculation is to obtain the pressure loss of PRHR-HX. The pressure loss can be calculated by (18) [23] .
The friction pressure loss Δ can be calculated by (19) .
The flow pressure loss of the tube elbow Δ can be calculated by (20) .
The flow pressure loss of the inlet and outlet of water chamber Δ can be calculated by (21) .
Because the of the fluid in the C-tube is larger than 6000, friction coefficient can be calculated according to the Haaland relation [24] which is shown by (22) .
. . . Development and Verification of PRHR-HX Evaluation Program. Based on the PRHR-HX mathematical model, an evaluation program for system optimization is developed. The evaluation program mainly includes two modules (as is shown by Figure 5 ): (1) the design calculation module and (2) the evaluation calculation module. The main function of the design calculation module is to obtain the relevant design parameters that meet the design requirements by the input conditions and provide input for the evaluation calculation module. The main function of the evaluation calculation module is to obtain the value of evaluation indicators and constraints of PRHR-HX by the input conditions. Input parameters are as follows: (1) PRHR-HX rated power , (2) the length of C-tube horizontal section ℎ , (3) the length of C-tube vertical section V , and (4) C-tube outer diameter . The design parameters and evaluation indicators calculated by the evaluation program are taken as outputs. The calculation results are compared with the AP1000 prototype design parameters which are shown in Table 3 . The results show that the thermal calculation results are accurate, and the calculation error of heat transfer area is only 0.33%. The hydraulic calculation error is relatively large, and the total pressure loss error is 2.64%. But it can still reflect the hydraulic characteristics of PRHR-HX. Therefore, it can be considered that the evaluation program is reliable and can be used to optimal design research. . . . Optimization Design of PRHR-HX. The two parameters of volume and pressure loss of PRHR-HX are selected as the evaluation index. The optimization variables include ℎ , V , and .
The constraints are as follows. (1) PRHR-HX is arranged in the in-containment refuelling water storage tank (IRWST), so its height should be less than the height of the IRWST. The optimization results are shown by Figure 6 . This figure shows that the distribution of the evaluation indicators of the optimal schemes (Pareto front). Combined with the actual engineering requirements and constraints, the engineer can select the appropriate scheme from the optimal schemes set according this figure.
. . Analysis of Optimization Results. If taking the smaller volume and pressure loss as the preferred standard, the better design scheme is as shown in the optimization scheme in Table 4 . The volume of PRHR-HX is reduced by 1.02%. The pressure loss is reduced by 0.55%. It can be seen that the evaluation indicators of prototype scheme are similar to the optimal scheme. In this paper, some engineering constraints are not taken into account, such as the tolerance of equipment in manufacturing, processing and installation. That is, the optimal schemes obtained in this paper are idealized. For the actual design of PRHR-HX, the Pareto front should be above the obtained Pareto front. Therefore, considering the error of PRHR-HX evaluation program, it can be found that the prototype scheme is enveloped by the set of optimization schemes.
The AP1000 is recognized as a technologically advanced and mature nuclear power plant. It can be assumed that the design of PRHR-HX is fully optimized. The calculation results confirm this hypothesis. In the field of engineering design, the design method of PRHR-HX parameters is not disclosed. The prototype design scheme is enveloped by the optimal design schemes. This phenomenon reveals that the PRHR-HX prototype design is a Pareto optimal solution that meets the engineering requirements. This conclusion provides a new idea for the design of PRHR-HX. Additionally, the calculation results confirm that the multiobjective optimization design platform for nuclear power system is reliable and effective.
Conclusion
In this paper, the MMOSADE algorithm is developed and its performance is tested. The nuclear power system optimization design platform is proposed based on the MMOSADE. The application research of the optimization design platform is carried out on AP1000 PRHR-HX. The conclusions are as follows.
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Science and Technology of Nuclear Installations (1) The proposed MMOSADE algorithm has better convergence than classical evolutionary algorithms and excellent diversity, and it can be used to solve such highly complex optimization problems such as nuclear power system optimization design.
(2) The multiobjective optimization design platform for nuclear power system can quickly and accurately obtain the set of PRHR-HX optimal design schemes, and the prototype design scheme is enveloped in the optimal schemes. On the one hand, it provides a new method for the design of PRHR-HX of different types reactor. On the other hand, the method can effectively solve the dual-objective optimization problem of nuclear power system.
(3) The nuclear power system optimization design platform can be utilized to optimize the design of different objects. It can avoid a lot of repetitive work in the research and development process; thus the development cycle can be shortened and the design efficiency can be improved to a certain extent.
Nomenclature

Abbreviations
MOP:
Multiobjective optimization problem DE:
Differential evolution algorithm MMOSADE: Modified multiobjective differential evolution algorithm PRHR-HX: Passive residual heat removal heat exchanger GD:
Generation distance IRWST:
In-containment refuelling water storage tank :
P R H R -H Xh e i g h t :
P R H R -H Xl e n g t h :
The tube bundle equivalent diameter :
Constant pressure specific heat capacity of the saturated liquid [J/(kg⋅ ∘ C)] ℎ :
Latent heat of vaporization [J/kg] :
Prandtl number of the saturated liquid :
Dynamic viscosity of saturated liquid [Pa⋅s] . 
General Symbols for PRHR-HX
